Background: The central line (CL) bundle interventions are important for preventing central line-associated bloodstream infections (CLABSIs), but a modeling method for testing the CL bundle interventions within a health systems framework is lacking.
H ealthcare-associated infections (HAI) are the fifth leading cause of death in acute care hospitals in the United States (Septimus et al., 2014) . Central lineassociated bloodstream infections (CLABSIs) are among the most common HAI and result in prolonged hospital stays, significant morbidity, and an increase in crude mortality (Siempos, Kopterides, Tsangaris, Dimopoulou, & Armaganidis, 2009 ). Individual risk factors for CLABSIs have been identified, including the lack of implementation of best practices during central line (CL) insertion, heavy microbial colonization at the insertion site, femoral or internal jugular vein insertion (rather than subclavian vein), prolonged duration of catheterization, and inadequate care/maintenance of the CL after insertion (O'Grady et al., 2011) . These factors are considered malleable, and prevention strategies, such as hand hygiene, use of maximal sterile barrier precautions, chlorhexidine gluconate (CHG) for skin antisepsis prior, and avoidance of the femoral site, have been grouped into a bundle of interventions to target these risk factors (Chopra, Krein, Olmstead, Safdar, & Saint, 2013; Pronovost et al., 2006) .
The use of the CL bundle has been associated with a progressive decrease in the prevalence of CLABSIs within hospitals in the United States and internationally (Kim, Holtom, & Vigen, 2011; Pronovost et al., 2010; Pronovost, Watson, Goeschel, Hyzy, & Berenholtz, 2015; Render et al., 2011; Sawyer et al., 2010) . Despite the broad acceptance and widespread adoption of the CL bundle interventions, recent reports suggest that many programs experience initial success yet are challenged to sustain the improvements (Cardo et al., 2010; Septimus et al., 2014) . This has been attributed to the lack of consideration of the role of organizational context on the adoption, adherence to, and long-term sustainability of these programs (Shekelle et al., 2010 (Shekelle et al., , 2013 .
In order to study the influence of organizational context on adherence to the CL bundle interventions and CLABSIs, a method to model the CL bundle interventions within a health systems framework was needed. The creation of the CL bundle measurement model was initially approached using a reflective, latent variable modeling method. Upon consultation with psychometricians, this approach was questioned, and a composite, formative modeling approach was offered as a reasonable alternative. Because of the ongoing debate about the viability of formative measurement and reflective measurement (Edwards, 2011; Hardin & Marcoulides, 2011) and known challenges in building, testing, and interpreting composite models (Kline, 2011) , we determined that an empirical investigation of the disparate approaches using a real-world example would be informative for nurse researchers. In an effort to extend previous methodological work (Coltman, Devinney, Midgley, & Venaik, 2008; Diamantopoulos & Siguaw, 2006; Hagger-Johnson, Batty, Deary, & von Stumm, 2011) , we undertook a comparison of the two approaches using the CL bundle interventions as a practical example of the implications of adopting a reflective versus a composite measurement perspective when testing systems level concepts within a structural equation modeling (SEM) framework.
Conceptual Framework
This study was guided by the Quality Health Outcomes Model (QHOM), a complex, nonlinear conceptual model that addresses the interrelationships among organizational systems, interventions, the client, and outcomes (Mitchell, Ferketich, & Jennings, 1998) . The QHOM is a conceptual model that is an adaptation of the structure-process-outcome model of Donabedian (1980) . It is a unique systems model because it challenges the traditional view that interventions directly produce expected outcomes-as adjusted for client characteristics. The QHOM suggests that interventions impact-and are impacted by both organizational context and client characteristics-in producing desired outcomes (Mitchell et al., 1998) . The QHOM is intended to be more closely aligned with the dynamic processes of patient care and outcomes than traditional linear models (Mitchell et al., 1998) .
Latent Variable Modeling Methods
The development of measurement models for the concepts of interest is the initial step when testing relationships within a SEM approach (Kline, 2011) . One of the most important issues when building a measurement model is the distinction between observed variables and latent variables (Raykov & Marcoulides, 2006) . Observed variables are the variables that are actually measured or recorded on a sample of subjects. In contrast, latent variables are hypothetically existing constructs of interest, such as intelligence, organizational culture, or depression (Raykov & Marcoulides, 2006) . The main characteristic of latent variables is that they cannot be directly measured because they are not directly observable. Observed variables are represented in models as squares or rectangles, whereas latent variables are represented as circles or ellipses (Raykov & Marcoulides, 2006) . Once the measurement models for the latent variables have been identified, the relationships between the variables can be tested using SEM. Graphically, the relationships are depicted as either straight lines with a single-headed arrow that points from the latent variable to the observed variables ( Figure 1A ) or correlations with doubleheaded arrows (Raykov & Marcoulides, 2006) .
Reflective latent variables are the classic representation traditionally used in SEM. This approach is commonly used in social and organizational research. Reflective latent variables are consistent with factor analysis and item reduction and are rooted in classical test theory and psychometrics (Diamantopoulos, Riefler, & Roth, 2008) . The assumption of reflective models is that the latent variable influences the observed variables, and the observed variables are highly correlated. For example, the scores on an organizational culture survey are influenced by the culture within the organization.
In contrast, formative modeling methods assume that the observed variables influence the construct, which summarizes the common variation in the collection of measured items (Edwards, 2011) . Because of this, latent variable terminology and methods are not appropriate for formative models for the unobserved variable is not latent, but a composite of the observed variables. A composite modeling approach is appropriate when the observed variables form an exact linear combination of items that are not unified conceptually and when the observed variables determine the composite construct. The observed variables are not necessarily highly correlated. Composite relationships are graphically represented by arrows that point from the observed variables to the construct ( Figure 1B ). For example, job satisfaction may be conceptualized as a composite variable when it is seen as compromising a variety of distinct facets, including satisfaction with one's work, pay, coworkers, supervisor, and promotion opportunities (MacKenzie, Podsakoff, & Jarvis, 2005) . Conceptually, these distinct facets of satisfaction, together, determine a person's overall level of satisfaction with their job.
Reflective and composite modeling approaches are conceptually, substantively, and psychometrically different (Bollen & Lennox, 1991) . Table 1 outlines the statistical assumptions of the reflective and composite approaches that guided the building, testing, and interpretation of the measurement models presented in this article.
Criteria for Modeling Reflective and Composite Measures
The selection of modeling approaches is challenging because there are no definitive statistical tests that dictate the best modeling approach (Bollen & Bauldry, 2011) . Selection is guided by the theoretical and applied understanding of the concept. More recently, a brief guide has been developed to instruct researchers on how to model reflective and composite variables (Grace & Bollen, 2008) . Initially, the researcher is guided to consider the directionality of the relationships between the observed variables and the construct of interest. Using the CL bundle interventions as an example, we would ask whether the bundling of interventions through the use of a checklist influences the individual interventions or is each item practiced independently and the bundling is a convenient method to encourage adherence and allow for calculation of a composite variable. In our example, we believe that the individual items are practiced independently, and the rates of adherence to each intervention can be used to calculate a composite variable, supporting a composite modeling approach.
The second consideration pertains to the interchangeability of the observed variables (Grace & Bollen, 2008) . If the measured items are interchangeable, such as with scale questions that measure attitudes or personality, then the indicators can be viewed as redundant-supporting a reflective modeling approach. In the case of the CL bundle items, the individual interventions are not redundant, for each item targets unique risk factors associated with CLABSIs. For instance, the cleaning of the skin with CHG aims to reduce microbial colonization at the insertion site, while avoiding the femoral or internal jugular vein aims to select the optimal site for catheter placement (Chopra et al., 2013) .
The third consideration is the expectation of the observed variables to covary. Items would be expected to covary if they are controlled by an underlying factor (Grace & Bollen, 2008) . This serves as an additional method of evaluating the directionality of the relationships. Because reflective indicators are under common control by their latent factor, when the latent factor varies, the indicators all vary (Grace & Bollen, 2008) . In the case of a composite model, no predictions are made about the correlations among measures.
To use the CL bundle example again, previous research suggests that the interventions are related and, when consistently implemented, can decrease CLABSI incidence (Furuya et al., 2011) . What is unclear is if the relationships are linear, in that the output is directly proportional to the input-or the relationships are synergistic-in that the total effect is greater than the sum of the individual effects. Collectively, these considerations can guide researchers toward the most appropriate approach to building a measurement model. This does not guarantee that the approach is correct, but it does provide a logical method to develop, justify, and interpret relationships between observed variables and unobserved constructs (Grace & Bollen, 2008) .
Reflective and composite approaches are meaningful to a discussion of modeling complex variables using traditional SEM strategies. That being said, other modeling approaches, such as general linear modeling, are available to the researcher and can be viewed as another statistical method-if there are limitations to the data, such as a small sample size or lack of theoretical support for a SEM strategy.
Latent Variable Modeling Versus General Linear Modeling
Latent variable modeling methods are an important statistical approach for nurse researchers to have in their toolbox, for the methods allow for multiple predictors to be tested simultaneously within a SEM framework. In addition, reflective measurement models account for measurement error and can test for both direct and indirect relationships between variables (Raykov & Marcoulides, 2006) . These methods are able to capture the real-world nature of clinical practice. General linear modeling methods, such as multiple regression or analysis of variance, permit hypothesis testing of a single observed item that can represent the mean of a single item or a collection of items for independent and dependent variables (Tabachnick & Fidell, 2007) . These methods, though informative, limit the ability of nurse researchers to examine interacting, synergistic, or complimentary systems and ignore potential measurement error (Raykov & Marcoulides, 2006) . Specific advantages of latent variable modeling methods over general linear modeling methods pertinent to our study include the ability to examine both observed and unobserved variables and the ability to assess the individual contributions and statistical significance of each observed variable on the reflective or composite variable and other variables within the larger structural model (Grace & Bollen, 2008; Tabachnick & Fidell, 2007) . If we had selected a general linear modeling approach for our study, we would have had to break down each proposed relationship into multiple specific models, limiting the ability to simultaneously test for interacting relationships between the concepts of interest (Grace & Bollen, 2008) . Although there are limitations and challenges in the modeling methods presented in this article, we aim to compare the two approaches to provide a greater understanding of the methods using a practical example that is pertinent to nursing research.
METHODS

Design
This study was a secondary data analysis using latent variable modeling methods within a SEM framework. SEM was chosen as the analytic method because of its ability to estimate and test complex latent variable relationships as well as the ability to simultaneously study both direct and indirect effects of variables involved in the conceptual model (Raykov & Marcoulides, 2006) . Variable selection and the directionality of the tested relationships were guided by a systems theory that describes and explains the phenomena under investigation. Adherence to hand hygiene, maximal sterile barrier precautions, CHG skin prep, and optimal site selection were selected as measures for the CL bundle variable for they occur at the same time-prior to CL insertion. Survey items from two psychometrically valid instruments that measure unit climate and the work environment were selected as measures of organizational context. CLABSI rates reported to the National Health Safety Network (NHSN) were selected as the outcome variable. Data on client characteristics were not available. Because of this, only partial testing of the relationships proposed in the QHOM was possible.
Population/Sample
The data for this analysis were drawn from an existing data set collected in the conduct of the Prevention of Nosocomial Infection and Cost-Effectiveness Refined (PNICER) study (National Institutes of Health, RO1NR010107: P. Stone, Principal Investigator). The PNICER study was a 3-year, mixed-method study that surveyed eligible NHSN hospitals on the state of infection prevention in their organizations (Stone et al., 2014 ). An electronic survey was sent to participating hospital infection prevention departments with a request for a single respondent to provide data on the observed adherence to the CL bundle interventions for the largest intensive care unit (ICU) in each hospital-along with their perception of the organizational context-through instruments that assess the unit climate and work environment. CLABSI rate data for the matched ICUs in the PNICER sample were drawn from the NHSN database.
For this project, data from 614 hospitals were selected to develop and test the measurement models. Because of the large sample size, the data set was randomly split into development and validation subsets. The PNICER study was approved by the Columbia University Medical Center, New York University Medical Center, and RAND Corporation. The Colorado Multiple Institutional Review Board approved this secondary data analysis.
Power Analysis
An a priori power calculation was run to determine the sample size needed to detect differences between models using a power algorithm developed by Preacher and Coffman (2006) . The power parameters were set at 0.8, with an alpha of .05 (power = .95; MacCallum, Browne, & Cai, 2006), a null hypothesis root mean square of approximation (RMSEA) at .05, and an alternative hypothesis at .45. The minimum required sample size for this analysis was calculated at 312. The final sample of 614 hospitals was deemed adequate to detect statistically significant differences and allowed for the data set to be split into two samples with equal sizes (n 1 = n 2 = 307).
Variables
Adherence to CL Bundle Interventions Four evidence-based interventions that are performed prior to CL insertion were selected from the PNICER data set to assess adherence to the CL bundle interventions. The variables included monitoring for hand hygiene at line insertion, using maximal barrier precautions during line insertion, using CHG to prepare the skin prior to line insertion, and selecting the optimal catheter site. Respondents reported aggregated, monthly, unit-based compliance with these interventions on a 6-point scale. Scores ranged from 1 to 6: 1 = all of the time (95%-100%), 2 = usually (75%-94%), 3 = sometimes (25%-74%), 4 = rarely/never (<25%), 5 = we monitor, don't know the proportion, and 6 = no monitoring. These results were collapsed to 1 = all of the time (95%-100%) and 0 = all else because of the research that reported lower CLABSIs rates only when adherence to the CL bundle was high (95%-100%; Furuya et al., 2011) . Adherence to the CL bundle interventions has been examined for a relationship with CLABSI events using multivariate analyses (Furuya et al., 2011) , but to our knowledge, the CL bundle interventions have not been represented in a measurement model.
Organizational Context Items selected to represent organizational context were drawn from two instruments that queried the perception of the unit climate and the work environment. Eighteen items from the Leading a Culture of Quality Instrument (Pogorzelska-Maziarz, Nembhard, Schnall, Nelson, & Stone, 2015) and 28 items from the Relational Coordination Survey (Gilmartin, Pogorzelska-Maziarz, Thompson, & Sousa, 2015) were used. A depiction of the second-order factor model for Organizational Context is available (see Figure, Supplemental Digital Content 1, http://links.lww.com/NRES/A179).
CLABSI Outcomes
The outcome variable was the weighted mean of CLABSI events reported to the NHSN system from adult ICU patients who had contracted a CLABSI during inpatient care. A CLABSI event was defined in accordance with NHSN guidelines as the number of laboratory-confirmed, catheter-related bloodstream infections per 1,000 line days (Centers for Disease Control, 2016). The variable was included in the model as a single-measured item.
Data Analysis
The level of analysis of this study was at the hospital level. Descriptive statistics were used to describe the study variables. Phi coefficients (Graziano & Raulin, 2013) were used to estimate correlations among dichotomized responses to items about adherence to the CL interventions.
To build the reflective model, the factor structure was developed in one half of the sample (n = 307) and validated in the second half (n = 307) using maximum likelihood factor analysis with orthogonal rotation (Varimax) in Mplus, version 7.2. In accordance with testing a reflective model in a SEM framework, uniquenesses were estimated, and a single indicator was restricted to 1.0 to define the metric of the latent variable (Muthén & Muthén, 1998 -2012 . Reliability for an additive scale defined by adherence to the four CL interventions, using dichotomized responses, was estimated using Cronbach's alpha.
The CL bundle as a composite model does not undergo factor analysis, for indicators in a composite model do not have conceptual unity (Bollen & Bauldry, 2011) . The CL bundle interventions included in the reflective model were also used in the composite model-and within the larger structural model-using the validation data set (n = 307) with Mplus, version 7.2. In accordance with translating a composite model within a SEM framework, the measured items were allowed to correlate freely, a single indicator was set to 1.0, and the residual variance of the composite variable was fixed at 0 (Muthén & Muthén, 1998 -2012 .
To investigate the relationship between organizational context, adherence to the CL intervention bundle, and CLABSIs, two SEMs were specified and tested-one with a reflective measurement model for adherence to the CL intervention bundle and one using a composite approach. Although not supported by the QHOM, a direct pathway was set from the CL bundle model to CLABSIs to allow for identification of the composite model (Figure 2A ). Because this pathway is not theoretically supported by the QHOM but is required for identification of the model, interpretation of this pathway will be limited.
Parameter estimates for the SEMs were obtained using the robust weighted least square estimator using a diagonal weight matrix, with standard errors and mean-adjusted χ 2 test statistic that uses the full weight matrix (WLSMV). The WLSMV is appropriate for nonnormal, categorical data if sample size is at least 200 (Ullman, 2007) . The fit of the competing models was evaluated by assessing various statistics that measured the closeness of the model fit of the estimated population covariance matrix to the sample covariance matrix (Ullman, 2007) . The χ 2 test statistic was initially used to assess the magnitude of the discrepancy between the sample and the fitted covariance matrices. Additional goodness of fit indices were used to assess the model fit, such as the comparative fit index (CFI) and RMSEA. The Mplus code for the two structural models is available (see Figure, Supplemental Digital Content 2, http://links.lww.com/NRES/A180). Table 2 , the hospitals in the samples represented a variety of settings, locations, and hospital sizes and were primarily medical/surgical ICUs. Adherence to the CL bundle interventions using the original 6-point response options and the transformed values are shown in Table 3 for the combined samples. Adherence all of the time (95%-100%) was highest for use of 2% CHG for skin preparation prior to CL insertion. The organizational context measurement model underwent exploratory (EFA) and confirmatory factor analysis (CFA) within a SEM framework-using the development and validation data sets. The results supported organizational context as a secondorder factor model using the subconcepts of psychological safety, climate, and leadership from the Leading a Culture of Quality Instrument and physician, nurse, environmental services, and healthcare administrator relational coordination from the Relational Coordination Survey, and their respective measures (Figure 2 ). The organizational context measurement model was noted to have an adequate fit and was in alignment with the theoretical guidance of the QHOM (χ 
RESULTS
As shown in
Reflective CL Bundle Measurement Model
Interitem Analysis The statistical relationships between the four CL bundle interventions were examined ( Table 4 ). All of the bundle intervention items resulted in statistically significant relationships with all other bundle intervention items (range: .46-.71, p < .01).
Exploratory Factor Analysis A maximum likelihood factor analysis was conducted with orthogonal rotation (varimax) in the development data set (n = 307). The Kaiser-Meyer-Olkin (KMO) measure verified the sampling adequacy for the analysis (KMO = .80; Tabachnick & Fidell, 2007) . Bartlett's test of sphericity, χ
2
[6] = 396.29, p < .01, indicated that correlations between items were sufficiently large for factor analysis (Tabachnick & Fidell, 2007 ). An initial analysis was run to obtain eigenvalues for each component in the data. A single component had an eigenvalue over Kaiser's criterion of 1.0. This single component explained 66.30% of the variance. The scree plot showed inflexion at one component. Cronbach's alpha for the scale was .82.
Confirmatory Factor Analysis
The measurement model for the CL bundle interventions identified in the EFA using the development data set (n = 307) was confirmed in the validation data set (n = 307). The CFI and RMSEA suggested a good fit for the model (χ Reflective CL Bundle Model in QHOM Structural Model Relationships were tested between (a) the CL bundle using the reflective measurement model and organizational context, (b) the CL bundle using the reflective measurement model and CLABSIs, and (c) organizational context and CLABSIs. The resulting model is shown in Figure 2B 
Composite CL Bundle Measurement Model
Composite CL Bundle Model in QHOM Structural Model The composite CL bundle model, as part of the QHOM structural model, resulted in all relationships among the composite indicators being significant and positive, which is implied by the double-headed arrows next to the CL bundle model (Figure 2A ). Table 4 presents the tetrachoric correlations of the indicators of the CL bundle. The tetrachoric correlation coefficient is a similar to the phi coefficient and is the selected method for testing the association between dichotomous variables in Mplus (Muthén & Muthén, 1998 -2012 (Raykov & Marcoulides, 2006) . The regression weights from the indicators to the bundled intervention variable-which represent the best linear composite of variables-were not significant (p > .05) after allowing for correlations with the other indicators (CHG = .17. p = .69; HH = .58, p = .26; MAXB = −.21, p = .65; OCS = .55, p = .09). This is in contrast to the reflective approach, where all indicators were significantly associated with the latent variable.
Similar to the results of the reflective model, the relationship between the CL bundle interventions and organizational context reached significance (coefficient = .20, p = .01), the relationship between organizational context and CLABSI outcomes was not significant (coefficient = .04, p = .60), and the relationship between the CL bundle intervention variable and CLABSI variable reached significance (coefficient = −.25, p = .01; Figure 2A ). These findings also indicate partial support of the QHOM. In summary, the reflective and composite modeling approaches for the CL bundle items produced structural models that fit the data and resulted in partial support of the relationships tested in the QHOM. In addition, the two Note. The overall sample of 614 was randomly split into EFA and CFA subsamples for the analyses. AK = Alaska; CFA = confirmatory factor analysis; EFA = exploratory factor analysis; HI = Hawaii; ICU = intensive care unit; PR = Puerto Rico; SD = standard deviation. Correlations below the diagonal are phi coefficients (used for reflective models); correlations above the diagonal are tetrachoric correlations (used for the composite models). n 1 = n 2 = 307. CHG = 2% chlorhexidine gluconate used for skin preparation; HH = hand hygiene; MAXB = maximum sterile barrier protection used; OCS = optimal catheter insertion site used. All correlations were significant (p < .01).
models produced statistically significant relationships between the CL bundle interventions and organizational context, and the CL bundle interventions and CLABSIs.
DISCUSSION
The purpose of this study was to test the CL bundle interventions in reflective and composite modeling approaches to compare the conceptually disparate modeling methods on a systems level investigation of the role of organizational context on adherence to the CL bundle interventions and CLABSI outcomes. Both modeling approaches resulted in a similar fit to the data and were able to detect similar relationships within the QHOM, although the proposed theory was not fully supported. In addition, the two modeling approaches resulted in only small differences in the structural path parameters. The primary difference between the models concerned the interpretation of the directionality of the relationships within the CL bundle measurement models. The reflective model, which was shown through EFA and CFA to be a single-factor model with good internal reliability, resulted in good model fit, and all relationships between the latent variable and the indicators were in the same direction and statistically significant. The results are mathematically interesting, but when examined using clinical guidance and expert opinion (Grace & Bollen, 2008) , the results are difficult to interpret. Ideally, the reflective model would have been poorly specified. This would have provided empirical support for a composite modeling approach for the CL bundle items and would have been an excellent example of how the contrasting directional approaches of the two models can influence model fit. The lack of misspecification brings us back to the theoretical grounds upon which we began the study.
The composite model-which was challenging to create and interpret due to a lack of standardized development procedures (Bollen & Bauldry, 2011) -fit the larger structural model, but none of the indicators reached statistical significance with the composite variable. Although the findings do not empirically support the CL bundle items as a composite measures, the theoretical support for this approach remains strong. Specifically, that the act of bundling the interventions together is theorized to increase the compliance with each individual intervention, but bundling does not ensure full compliance (Pronovost et al., 2015) . Second, the interventions are not interchangeable, for each act as a unique contributor to the bundle process. Lastly, the interventions are not expected to covary. This suggests that the CL bundle is not a latent variable but a convenient composite of unique variables that impact an outcome.
Lessons Learned
Through this study, we have shown how to build and test a reflective and composite model using a practical example pertinent to nursing research. Lessons learned from this study are many. First, the nonsignificant pathways in the composite measurement model could be explained by the high correlations between the observed measures. This can lead to the loadings becoming unstable-similar to multicollinearity in multiple regression-making it difficult to separate the distinct influence of individual observed variables (Edwards, 2011) .
The literature proposes two different approaches for dealing with multicollinearity of composite measures. The first is to view observed variables that are highly correlated as near perfect linear combinations that may contain redundant information (Diamantopoulos et al., 2008) . Variable eliminationbased on the variance inflation factor-is a statistical method to identify a redundant observed variable. A weakness of this approach is the elimination on purely statistical grounds can alter the meaning of the construct (Diamantopoulos et al., 2008) . The second approach for overcoming multicollinearity is to combine composite indicators into an index and use the single-item construct in the analysis (Diamantopoulos et al., 2008) . Although appealing, this approach limits the interpretation of the meaning of the joint index and removes the ability to investigate the individual influences of each indicator (Diamantopoulos et al., 2008) .
The second lesson is the finding of consistent parameter estimates for the structural models. The intuitive expectation when using disparate measurement modeling approaches within a SEM is that a misspecified model would result in biased parameter estimates that would lead to poor model fit. This would guide a researcher on the identification of the most appropriate modeling approach (Diamantopoulos et al., 2008) . As seen in this study, goodness-of-fit indices failed to detect misspecification of the measurement models. Such biases could lead to incorrect conclusions-especially if a study is not conceptually and theoretically justified prior to testing the relationships empirically. Because of this, it is clear that the results of the fit indices are not the most appropriate method to answer a research question. The selection of variables, testing of relationships, and interpretation of the fit indices must be theory driven.
A lack of misspecification when testing reflective versus composite modeling approaches has been previously reported in the literature when the influence of childhood socioeconomic status was tested within a prospective life course model of health (Hagger-Johnson et al., 2011) . The authors found little difference in the model fit statistics or the predicted relationships when testing the two modeling approaches. Similar to our findings, they also reported that pathways that reached significance in the reflective model did not all reach significance in the composite model. The predictive ability and ranking of the indicators within the composite model did permit comparison of their findings to previous research (Hagger-Johnson et al., 2011) . Although this was not possible in our study, future research may lead to such type of analysis, allowing for detection of the individual influence of each intervention in the CL bundle on patient outcomes. This could lead to an unpacking of the bundle and a recommendation to adopt only the most influential practices versus mandating the entire bundle.
The third lesson is that the relationships within the QHOM were partially supported in this study. The finding of a relationship between the CL bundle interventions and organizational context is a new result and one that requires further study. The inverse relationship between the CL bundle interventions and CLABSIs has been reported in the literature (Furuya et al., 2011) but was only entered into the model due to the requirements of a composite modeling approach (Kline, 2011) . Future work using the QHOM will require client characteristic data to operationalize the full model and to provide a greater understanding of our findings with a systems framework.
Although the CL bundle interventions were theorized to influence CLABSI outcomes through the concept of organizational context, this has not been empirically studied. Failure to support the theory may be related to multiple factors, including the challenge of using an outcome that is difficult to detect (Rich, Reese, Bol, Gilmartin, & Janosz, 2013) , and requires well-trained personnel to perform surveillance, validation, and reporting (Neidner, 2010) ; it has been suggested to include a level of surveillance bias due to lower reimbursement and poor public perception when CLABSI rates are high (Furuya et al., 2011; Haut & Pronovost, 2011; Talbot et al., 2013) . In addition, the assessment of the concept of organizational context through self-report surveys by one respondent in a hospital may have limited the detectability of significant contextual effects on outcomes (Podsakoff & Organ, 1986) .
The final lesson is that there is much to be learned from a study that results in nonsignificant findings. Although frustrating for the research team, it encourages reflection-which can move the field forward. One concept that requires greater discussion is the role of bundling of process measures. This study provides preliminary evidence that the bundling of the individual CL infection prevention interventions may have a synergistic influence on CLABSI events. This is supported by the high intercorrelations between the composite indicators (Table 4 ) and subjective reports from clinical practice that have suggested that the individual CL bundle interventions are more powerful when grouped together into a bundle (Pronovost et al., 2015) . This may explain why the relationships within the larger structural model were supportedeven though the composite pathways were nonsignificant. The synergistic effect of the CL bundle items on the larger model was captured in the composite variable.
Limitations
This study is the first to demonstrate the impact of modeling the CL bundle with composite and reflective indicators in a large, national study of ICUs. Other samples-particularly with different indicators for HAI prevention bundles and outcomesmay not produce equivalent results. Other limitations include missing data patterns-which may have distorted some model estimates. However, the use of the WLSMV estimator uses all available data. In addition, data were not available on client characteristics-which may have influenced the tested relationships. Finally, the data used in this study were not collected for the purpose of testing the relationships within the QHOM. These limitations will be factored into future studies to progress this field of research. Although the use of a single indicator, such as the average of all CL bundle items, is an alternative to creating a composite measurement model, this approach does not provide an opportunity to evaluate the specific contribution of each CL bundle intervention on organizational context and CLABSI outcomes.
Conclusions
In conclusion, we have provided a practical example of the implications of reflective and composite measurement modeling approaches using the CL bundle interventions in a SEM. Our study suggests that, for constructs that have not been tested in a measurement model or have questionable directionality, nurse researchers should select a modeling approach using theoretical and clinical guidance and then compare the results using opposing methods to bring transparency to their methods and confidence to their study findings. We have presented our lessons learned, expanded the methodological base, and informed nurse researchers about the challenges and benefits of latent variable modeling methods. Replication of our findings using data sets that have similar, if not identical, variables and with data collected specifically to address this issue may ultimately answer how best to operationalize bundled interventions within a latent variable modeling framework.
